Cis-acting allelic variation in gene regulation is a source of phenotypic variation. Consequently, recent studies have experimentally screened human genes in an attempt to initiate a catalog of genes possessing cis-acting variants. In this study, we use human EST data in dbEST as the source of allelic expression data, and the HapMap database to provide expected allele frequencies in human populations. We demonstrate a greater concordance of allele frequencies estimated from human ESTs in dbEST with those derived from the CEPH HapMap sample representing Caucasians from northern and western Europe, than population samples obtained in Asia and Africa. Deviations between allele frequencies observed in EST databases and the ones obtained from the CEPH HapMap samples may result from common heritable cis-acting variants altering the relative allele distribution in RNA. We provide in silico as well as experimental evidence that this strategy does allow significant enrichment of genes harboring common heritable cis-acting polymorphisms in linkage disequilibrium with expressed alleles.
Progress in human disease gene discovery and characterization of global expression patterns in unrelated individuals suggest that genetic variation affecting gene expression has significant effects on phenotypic variability, including risk to disease. Cis-acting variation that regulates expression leads to preferential expression of an allelic transcript. This can be detected directly by in vivo comparisons of the relative abundancies of allelic transcripts using intragenic polymorphisms (Pastinen and Hudson 2004) . Such surveys of allelic expression by us and others (Yan et al. 2002; Bray et al. 2003; Lo et al. 2003; ) have established that unequal representation of marker alleles in transcripts from heterozygous individuals is a common phenomenon, affecting 5%-20% of heterozygous individuals for 15%-50% of genes. These studies did not systematically address the possible tissue specificity of allelic expression that was observed in mice (Cowles et al. 2002) . Allelic expression analysis may also detect epigenetic regulation including classical imprinting and random monoallelic expression (Pastinen and Hudson 2004) .
Increased attention to regulatory polymorphisms underlying human traits (for review, see Knight 2005) calls for cataloging of genes demonstrating differences in allelic expression. Data regarding common cis-acting regulatory variants and information on tissue specificity and the regulatory mechanism(s) that modify allelic imbalance would optimally be included in such a resource.
The largest public source of sequence variation in human transcripts that exists is in dbEST and contains 4,636,789 sequence traces (build #173) in UniGene clusters. Along with ESTbased gene identification (Adams et al. 1992 ; for review, see Mathe et al. 2002) , this database has found uses in identifying single nucleotide polymorphisms (SNPs) (Buetow et al. 1999; Marth et al. 1999; Irizarry et al. 2000) . Recently, a method to look for evidence of imprinting using EST data was suggested . Here we propose to use the dbEST data along with the recently released Human Haplotype Map Project data (The International HapMap Consortium 2003) for large-scale discovery of genes harboring common regulatory variants. In addition to the analysis of ∼11,000 SNPs for "in silico allelic imbalance," we present corroborating bioinformatics and experimental evidence as well as new tools for experimental validation.
Results and Discussion
If a common cis-acting regulatory variant (or regulatory SNP, rSNP) is in linkage disequilibrium (LD) with a marker SNP found in redundant ESTs, the marker allele corresponding to the underexpressed allele should be underrepresented in EST allele counts. In order to detect such occurrences, the expected EST allele distribution needs to be estimated. Figure 1 illustrates an in silico approach to detecting deviations between the observed versus expected allele counts in EST data sets.
The major caveats in this approach relate to the quality of EST sequencing, estimating allele frequencies in EST data sets when the ethnic origin of the donor is unknown, and biased sampling. To handle these issues, we made several assumptions. The impact of errors in EST sequencing is alleviated by focusing on SNPs that have been validated independently: We consider the demonstration of Mendelian transmission as an ultimate proof that an SNP is valid, and only SNPs showing evidence of transmission in Caucasian HapMap trios were further studied. Because each cDNA library can maximally contribute two alleles in the EST allele counts, we randomly selected a maximum of two sequences from each library. This reduces the sampling bias attributed to unequal sequencing density of individual libraries. The most difficult issue is the lack of information about the origin of the donor. Based on the location of the largest EST sequencing projects, we assume that Caucasian alleles are overrepresented in the EST libraries contained in dbEST. This hypothesis was tested by comparing the observed EST allele counts versus expected allele frequencies (population allele frequencies) in four populations across >2500 loci (Fig. 2) . The Caucasian allele frequencies fit relatively well with the allele frequencies observed in ESTs, whereas the allele frequencies in other populations generally deviate considerably. We therefore used only Caucasian al-lele frequencies to estimate the expected allele frequencies in further steps. We cannot correct for the possibility that some genes may be preferentially detected in EST libraries derived from few non-Caucasian donors, nor can we adjust for multiple libraries having been derived from the same individual. The normalization (Soares et al. 1994 ) and subtraction (Bonaldo et al. 1996) procedures in EST library construction to improve coverage of EST sequencing should not have a major impact on the allelic representation of transcripts, since these methods generally use long probes that are usually not affected by minor sequence differences such as SNPs. In contrast, the power to detect allelespecific rare transcript variants in our method may actually be enhanced by the normalization/subtraction used in constructing a subset of human EST libraries. Finally, we note that the power to detect deviations from the expected frequencies differs from gene to gene, since the representation of the transcripts varies in different cDNA libraries. Table 1 as well as the complete data set can be accessed at http://genomequebec. mcgill.ca/EST-HapMap.
In order to detect cis-acting differences using the EST data, the marker SNP has to be in LD with the unknown regulatory SNP. Most of the known or suggested variants affecting human gene regulation map to the 5Ј-end of transcripts (Rockman and Wray 2002) . In addition, the highest density of validated transcriptional control sequences map to 5Ј-ends of mammalian genes (Xie et al. 2005) . Given that LD is highly dependent on physical distance (Reich et al. 2001) , we hypothesized that, on average, the EST-SNPs showing significant deviation would show a tendency to map closer to 5Ј-ends of genes. To test this, we compared the significant hits to a matched set of SNPs in ESTs (to ensure similar sample size and power) showing no evidence of deviation in distribution between genomic (CEPH) and ESTderived allele frequencies. The results of these comparisons are shown in Figure 3 . On average, our best hits (n = 117 at P < 0.001) mapped 22 kb closer (29 vs. 51 kb) to the 5Ј-ends of the respective genes as compared to nonsignificant, matched data points (2-tailed t-test, P = 0.005 for difference between the groups). Extending the comparison to hits at P < 0.01 (n = 358) still shows significant difference (t-test, P = 0.006) in the distance from transcript start between the matched groups (37 vs. 50 kb), whereas the effect is no longer statistically significant with SNPs showing a weaker association (Fig. 3) .
For experimental validation of the predicted differences between expressed alleles, we chose to use direct sequencing, which allows normalization of polymorphic bases relative to the surrounding invariant bases and other quality measures that are not possible with most genotyping methods. To facilitate the analysis of allelic expression from these sequence traces, we developed the software PeakPicker, as illustrated in Figure 4 . Genomic DNA and RNA (cDNA) samples are sequenced in parallel, with heterozygous genomic DNA samples serving to establish the expected range of 50:50 allelic ratios. We evaluated allelic imbalance (AI) using a sample-specific test (called AI 95 ) and a locus-specific test (called AI LS ). For the AI 95 test, we estimated a 95% confidence interval (CI) for equal expression, based on the relative peak heights observed in heterozygous genomic DNA samples. The 95% CI threshold corresponds, on average, to a <1.2-fold difference between transcript abundance (or a 45:55 allelic ratio), as determined by dilution experiments (see Supplemental Fig. 1 ). Unequal expression of allelic transcripts in a heterozygous sample (i.e., AI) is called when we observe consistent deviations beyond the 95% CI in independent RNA preparations derived from the same LCL. If only one sample falls outside the 95% CI or if the replicate samples give conflicting deviations (suggesting unequal expression of opposite alleles), the allelic expression status of the sample is categorized as undefined. The determination of allelic expression status in individual samples using the AI 95 test is useful if further mapping studies are pursued. Locusspecific allelic imbalance is defined using the AI LS test, which is a two-tailed t-test comparing the average peak ratios observed in genomic DNA and RNA (cDNA). The advantages of the AI LS test is that all data points (including discordant results that were discarded by the AI 95 test) are used; the test appears to offer a small improvement in sensitivity for allelic expression differences, but it does not specify the AI status of individual samples.
From the set of 976 genes having in silico allelic imbalance (P < 0.05) (http://genomequebec.mcgill.ca/EST-HapMap), we chose 40 genes that are expressed in lymphoblastoid cell lines (LCLs), based on earlier DNA-microarray studies (Pastinen and Hudson 2004) . The selection is not random, as we picked genes over many months when the HapMap data were being produced; the final set is biased toward genes that we observe to have more significant differences between CEPH and EST allele frequencies. The LCL panel for this validation test included the unrelated CEPH parents used in the International HapMap project (The International HapMap Consortium 2003) . In a limited number of cases in which both parents were uninformative, allelic imbalance was measured in LCLs from their offspring. The results of DNA/RNA sequencing are shown in Table 2 . One assay could not be confidently interpreted (SNX6) (see Table 2 , footnote j) and was excluded. Using the AI 95 method to evaluate each heterozygous sample, we observed a statistically significant ( 2 = 9.0, 1df, empirical P < 0.005) enrichment of genes with LCLs having allelic imbalance, as predicted by the EST-genotype comparison: 14 of 39 genes (36%) predominantly overexpress the predicted allele (with >80% of heterozygous samples called showing the predicted allele being overexpressed), and only two (5%) showed predominant deviation toward the opposite allele. Similar results were observed by the locus-specific AI LS method to determine allelic imbalance (see Table 2 , two rightmost columns and footnotes h and i), with 15 genes showing statistically significant overexpression of the predicted allele, whereas two genes showed significant overexpression of the opposite allele; again, the distribution of the results deviates significantly from chance ( 2 = 9.9, 1df, empirical P < 0.005). The same genes were generally identified with both the AI 95 and AI LS methods of analysis. Overall, using the AI 95 test, the predicted allele was overexpressed in 242 informative cases, the alleles were equally expressed or labeled undefined in 348 cases, and the opposite allele showed evidence of overexpression in 105 cases. This distribution deviates highly significantly ( 2 = 54.1, 1df, P < 0.0001) from chance. We note that the thresholds to call allelic expres- sion using the AI 95 test can influence the total number of allelic imbalances called. For genes that are expressed at widely different expression levels (and show more variability in allele ratios in cDNA samples), this may inflate the total number of RNA samples demonstrating putative allelic expression. The potential for false-positive assignments of allelic imbalance due to too nonstringent threshold definition would be expected to work as a random confounder and should not bias the assessment of the direction of relative expression differences between allelic transcripts. Similarly, allelic expression is quantitatively deviated toward the predicted allele across the tested 39 loci: The average predicted high allele versus predicted low allele ratio (H DNA /L DNA ratio) was 0.96 (95% CI: 0.91-1.02) in control heterozygous genomic DNA samples, while in RNA the average H RNA /L RNA ratio was 1.21 (95% CI: 1.12-1.30). The difference between distribution of allele ratios in genomic DNA and RNA (cDNA) is highly significant (P = 0.0000011, two-tailed t-test). By combining the dbEST and International HapMap data, we generated a list enriched for candidate genes exhibiting allelic expression differences. These candidates differ from those derived from experimental surveys (Yan et al. 2002; Bray et al. 2003; Lo et al. 2003; in two important aspects: (1) the expression data is derived from multiple tissues; and (2) the significantly deviating marker SNPs should be in LD with common regulatory variants in order to be detected in this screening approach. The rate of validation of genes (36% and 38% using the AI 95 and AI LS methods, respectively) with expected allelic imbalance is not different from the 15%-50% of genes reported to demonstrate preferential allelic expression in unselected genes. However, we note that in comparison to previous experiments using genes not predicted by EST analyses, the genes validated here have a distinguishing characteristic: The allelic expression is common and shows consistent bias in regard to which allele is overexpressed (as opposed to showing variability among samples from different individuals). In our earlier experimental survey, <5% of randomly selected genes demonstrated such characteristics ). Finally, we acknowledge that our validation strategy is only moderately powered to detect weak or rare regulatory variants and tissuespecific effects. The candidate SNPs identified here are therefore optimal for investigations of regulatory variants in case-control studies. In fact, some of the genes validated in this study have already been associated with complex disease traits in earlier studies: EPHX2, OAS1, and ARTS-1 have been suggested to influence lipid phenotypes, susceptibility to diabetes, or development of hypertension, respectively (Yamamoto et al. 2002; Sato et al. 2004; Field et al. 2005) .
The candidate gene list provided here offers a relatively straightforward approach for discovering regulatory variants in other tissues as well. We also note that the data used in this study are based on the HapMap release of November 2004, which may represent only 15%-20% of the final data to be included in the International HapMap project (The International HapMap Consortium 2003) . In addition to data presented here, we have established a Web resource containing updated lists of candidate genes based on new HapMap data releases (http:// genomequebec.mcgill.ca/EST-HapMap). High-sensitivity allelic expression analysis is facilitated by the normalized sequencing approach and the PeakPicker software. Demonstration of preferential expression of predicted allele indicates that the regulatory variants are in LD with the tested alleles and thus allow delineation of the "search space" for regulatory variants to a region delimited by ancestral recombination events, or to "haplotype blocks" (Daly et al. 2001 ).
Methods

Samples and RNA preparation for allelic expression assays
A description of the lymphoblastoid cell lines used in this study is listed in Supplemental Table 1. The RNA from cultured cells used in allelic expression assays consisted of 60 unrelated lymphoblastoid cell lines (LCLs) of Caucasian origin, corresponding to the parents of the CEPH trios used in the International HapMap project (The International HapMap Consortium 2003) . Four children from these 30 trios were also included in the analysis of chromosomal association of the allelic expression in cases in which the parents were uninformative or failed. The lymphoblastoid cell lines were obtained from the Coriell Cell Repositories (Coriell Institute for Medical Research, Camden, NJ). The LCLs were cultured in RPMI 1640 medium (Invitrogen) supplemented with penicillin/streptomycin, 2 mM L-glutamine, and 15% heat-inactivated fetal bovine serum (Sigma-Aldrich). The cells were grown at 37°C and 5% CO 2 . The cell growth was monitored using a hemocytometer, and cultures were harvested at a density of 0.8-1.1 ‫ן‬ 10 6 cells/mL. The cells were lysed by resuspension in TRIzol Reagent (Invitrogen).
cDNA synthesis
RNA was isolated from LCLs using Trizol reagent according to the manufacturer's instructions (Invitrogen). The RNA quality was verified by observing samples on the Agilent 2100 Bioanalyzer (Agilent). In the reaction, 50-µg aliquots of total RNA were treated with 8 U of DNase I for 40 min at 37°C (Ambion), extracted with phenol/chloroform (Invitrogen), and reprecipitated. The resulting RNA was annealed to 1000 ng of ran- Figure 3 . Comparison of SNP-transcript start distances based on significance in EST-genomic allele frequency comparisons. Four pairs of matched (i.e., equal allele frequencies and EST counts) groups of SNPs were compared for distance from transcript start site in the genomic sequence as a proxy for linkage disequilibrium from a putative "regulatory SNP." The leftmost pair of bars shows mean transcript start site distances for the test set of 117 most significantly (P < 0.001) deviating sets of SNPs (leftmost red bar; also see Table 1 ) as compared to the control set of 234 matched SNPs showing nonsignificant deviation in ESTgenomic allele frequency comparison (leftmost blue bar). The mean distance from the transcript start for the test set is ∼29 kb, which is significantly shorter (t-test, P = 0.005) than the average distance (∼51 kb) observed in the control set. The pairs of bars to the right of the first pair show progressively larger, and less significantly associated, test sets as compared to the two matched sets of controls. The difference in distance between test and control sets diminishes in a stepwise manner: For the test set at P < 0.005, the distance is 34 kb versus 50 kb observed in controls; at P < 0.01, the distance is 37 kb versus 50 kb; and at P < 0.05, the distance is 48 kb versus 52 kb, which is no longer significant.
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www.genome.org dom hexamers (Invitrogen), and first-strand cDNA synthesis (RT) was performed using Superscript II reverse transcriptase according to the manufacturer's instructions (Invitrogen). RT-reactions were carried out in duplicate from each RNA sample.
Allelic expression analysis by high-sensitivity sequencing PCR and sequencing-primer designs avoided known SNPs underlying primer sequences, and applied same designs for RNA and DNA samples unless an exonic SNP was located close to the exonintron boundary. All primer designs are available at http://genomequebec .mcgill.ca/EST-HapMap. All RNA samples were amplified in duplicate from independent cDNA preparations, and a subset (4-10/SNP) of informative gDNA heterozygotes were amplified in identical conditions to establish the expected 50:50 heterozygote profiles. Sequencing was carried out using 0.5 µL of BigDye Terminator (BDT) v3.1 Cycle Sequencing Kit (Applied Biosystems) with 2 µL of a PCR product, 1.75 µL of ‫ן5‬ sequencing buffer (0.4 M Tris-HCl at pH 9.0, 10 mM MgCl 2 ), and 10 pmol of the sequencing primer in a 10-µL reaction in conditions suggested by the manufacturer. Reaction products were separated on an Applied Biosystems 3730XL DNA analyzer. The sequence traces were analyzed using in-house software (see below). The normalized heterozygote ratios of genomic DNA samples were used to establish a 95% confidence interval (95% CI) for each SNP. If both heterozygote ratios in independent RNA samples showed convergent deviation beyond 95% CI derived from genomic DNA data, the sample was called to have allelic imbalance. If one of the two RNA replicates was within the 95% CI or if the replicates deviated to opposite directions, the sample was defined as "unknown."
Databases and resources
EST sequences were obtained fromUniGene (Build #173 of Homo sapiens with 4,636,789 total sequences in clusters) and public SNP genotypes from the International HapMap Project at http:// www.HapMap.org (release #13, Nov. 2004). The human genome reference sequence was downloaded from UCSC at http://genome.ucsc.edu (release hg16), which is based on NCBI Build 34. RefSeq gene structures were also from UCSC, which were based on hg16 and updated in November 2004. The EST sequences were mapped on the Human genome sequence by BLAT (Kent 2002) .
Genomic SNP allele frequencies in four populations were calculated from HapMap data. Unrelated individuals were used for frequency calculation. We used 60 independent individual data from the CEPH Europe population (CEU), 45 from Han Chinese in Beijing (HCB), 44 from Japanese in Tokyo (JPT), and 60 from Yoruba in Ibadan (YRI). The criteria for SNP selection for the comparison were: A SNP should be transmitted at least once in 30 trios of CEPH families and should be located inside the RefSeq gene exon region, based on the UCSC RefSeq gene annotation database. For four different population frequency comparisons, we used a subset of SNPs that were common to all four populations.
We used EST sequence data to estimate SNP allele frequencies in RNA samples. EST sequences from UniGene were first mapped to the reference genome sequence by using BLAT. To Genes on top (from STEAP1 to ELL3) were validated by either qualitative or quantitative analysis of allelic expression data. The data points in bold correspond to the data fulfilling the validation criteria mentioned in the text. Genes from CORO1C to PPID did not fulfill the criteria for validation. Number of informative samples that did not fall into the preceding three categories in the allele ratio analysis and remained "unclassified."
h The average ratio of predicted high-allele versus the predicted low allele in RNA is divided by the value of predicted high-allele versus the predicted low-allele in control heterozygous DNA samples (i.e., H RNA /L RNA :H DNA /L DNA ). If this ratio >1 and the distribution of values in RNA versus DNA is statistically significant (t-test) the candidate SNP is considered validated and is shown in bold. P-value (t-test, two-tailed) for difference between the H/L ratios in genomic DNA versus RNA. j Both RNA and DNA samples showed (concordant) variation of allele ratios in SNX6, thus unequal expression could be caused by DNA-copy number variation or unidentified SNPs underlying the sequencing primers. The data was omitted from further analysis.
avoid mapping errors, the EST sequences were required to be at least 70% identical to genomic sequence in the matched region and the EST were expected to map to the same UniGene cluster region. Approximately 3,856,000 sequences satisfied these two requirements and then were used in this study. Based on EST sequence alignment, which involved base-to-base matching to reference genome sequence, and SNP location on the genome, we counted both SNP alleles on the EST sequence. To limit the bias introduced by unequal representation of EST libraries in EST sequence data, a maximum of two sequences were counted from one library. Two-sided Fisher's exact tests (implemented in R) were performed on 11822 SNPs to compare the allele frequencies between CEPH-derived genomic and EST-derived RNA samples. The same SNP was included under two UniGene entries for ∼5% of data; in our candidate gene list we eliminated the SNPs with double entries, as these might reflect UniGene errors or true overlapping transcripts (the complete data set is also available on the Web site). To compare the distances from the SNP to the 5Ј-end of the respective gene for SNPs with (test group) or without significant deviation (control group) in EST-SNP comparisons, we selected the annotated isoform with the shortest distance to the SNP (UCSC hg 16). The control SNPs were selected by matching two SNPs for each test SNP. The randomly chosen control SNPs fulfilled the following criteria: (1) the P-value of the Fisher's test was >0.9 in the original EST allele frequency comparison; and (2) the averages of EST counts per site were matched; as well as (3) the averages of allele frequencies were matched between test and control groups.
Software for normalized peak height analysis
To improve the consistency of heterozygote ratio measurements, we applied normalization of SNP allele height with reference peaks selected from the flanking sequence. To facilitate this process, we developed the "PeakPicker" software. PeakPicker is developed for quantitative allele ratio analysis and can be used to determine differential allelic expression in cells heterozygous for a marker SNP expressed in mRNA by measuring and calculating the peak height ratios of the marker SNP.
The input files for PeakPicker are the raw sequence files from ABI sequencers (*.AB1). Multiple alignments of the selected sequences are carried out with a user-defined sequence range using Needleman-Wunsch for global alignment. After identifying the marker SNP in a sequence and identifying bases to which its height should be compared (reference peaks), PeakPicker identifies and analyzes the SNP and reference peaks in all sequences. Because peak heights vary depending on sample, base type, and their position within the chromatogram, a normalization step is performed. A text file with SNP allele ratios normalized on the reference peaks is generated as an output. Suspicious values are flagged to allow manual review of the peak selection.
PeakPicker is written in Java language and can be used in many platforms such as Windows and Linux systems. "PeakPicker" is available at http://genomequebec.mcgill.ca/ESTHapMap. Sequence traces for the assays described in Table 2 are available upon request.
Statistical analysis of validation data
For the data analysis using the AI 95 test defined above, each allele was assigned a state: (1) concordant direction of expression, (2) discordant direction of expression, (3) no preferential expression of alleles, or (4) unknown. The statistical evaluation of the concordant (i.e., observed direction matching the predicted) direction of overexpression was compared to the null hypothesis (i.e., no preferential bias in allelic expression), which was calculated using 2 statistics. Empirical P-values were obtained by performing 10,000 simulations. Both steps were performed using an on-line Java-applet for calculations of 2 values and performing permutations for the generation of empirical P-values (available at http://davidmlane.com/hyperstat/chi_square.html). Similarly, the difference in the number of genes showing >80% of overexpressed alleles concordant with predictions was compared to the null hypothesis (i.e., no preferential bias in allelic expression). The comparison of allele ratios derived from the AI LS method required H/L ratios to be generated using the predicted highexpressing allele (H) divided by the predicted low-expressing (L) allele in genomic DNA and RNA (cDNA). When the H/L ratio is higher in RNA than in DNA, the overexpression is concordant with the predicted direction. The statistical significance of this comparison was obtained using a two-tailed t-test statistic within a locus (see Table 2 , rightmost column) or across loci.
